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Abstract 
Principal Component Analysis (PCA) was used to evaluate groundwater quality data acquired in the pre-injection 
and injection periods for the Illinois Basin – Decatur Project (IBDP), a large-scale carbon capture and storage (CCS) 
project located in Decatur, Illinois, USA. For the pre-injection and injection periods three principal components 
explained 76.6% and 80.0% of the total data variance, respectively. Analysis of the pre-injection data set determined 
that highly positive loadings for total dissolved solids, chloride, bromide, sodium, magnesium, potassium, and 
electrical conductance designated the first component (PC1) as the salinity factor. High loadings for calcium, iron, 
and sulfate in component two (PC2) represents an oxidation-reduction component. The third component (PC3) 
represents groundwater acidity because of highly positive loading of pH. For the injection data set the variables 
contributed to the first component are bromide, sodium, total dissolved solids, chloride, electrical conductance, 
potassium, sulfate, iron, and calcium. Sulfate, magnesium, and calcium contribute to the second component and pH 
to the third component and represent salinity, dissolution, and acidity of groundwater. The results of the PC analysis 
indicate that water-rock interactions are the primary mechanism governing groundwater quality during both periods. 
The results of this analysis indicate that CO2 injection activities have not impacted the quality of the shallow 
groundwater in the project area. 
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1. Introduction 
Geologic carbon storage in deep saline reservoirs is one way to reduce atmospheric carbon dioxide (CO2) 
concentrations. The Midwest Geological Sequestration Consortium (MGSC) is conducting the Illinois Basin – 
Decatur Project (IBDP), a large-scale carbon capture and storage (CCS) project in Decatur, Illinois, USA. The CO2 
is being injected into the Mt. Simon Sandstone at a depth of about 2,130 m (7,000 ft). As part of an extensive 
Monitoring, Verification, and Accounting (MVA) program, shallow groundwater monitoring is being conducted to 
establish baseline conditions, verify that project activities are protective of human health and the environment, and 
meet conditions of the Underground Injection Control (UIC) permit issued by the Illinois Environmental Protection 
Agency (EPA), a state-level regulatory agency. Environmental monitoring can generate very large data sets, and 
interpreting those data sets can be challenging. Limitations of conventional methods and increasing numbers of 
chemical parameters require a range of statistical techniques for proper analysis of data [1]. Multivariate statistical 
techniques are an efficient way to display complex relationships among many objects [2]. For example, multivariate 
statistical techniques can be an effective means of managing, interpreting, and representing data about groundwater 
constituents and geochemistry [3]. Principal Components Analysis (PCA) is a multivariate statistical technique 
frequently applied to environmental data. PCA looks for linear combinations of the variables that can be used to 
summarize data without losing significant information in the process [4]. In other words, PCA is a data dimension 
reduction technique by which new variables and principal components are calculated from linear combinations of 
the original variables, in this case the concentrations of groundwater constituents. Principal components are the 
eigenvectors of a variance-covariance or a correlation matrix of the original data matrix. Using the correlation 
matrix, each variable is normalized to a unit variance. The first principal component, or factor, accounts for the 
greatest variability in the data, and there are potentially an infinite number of new factors with each accounting for 
less data variability than the previous [5]. The goal of this study was to use multivariate statistics to understand the 
mechanisms potentially affecting groundwater quality and evaluate whether CO2 injection activities were impacting 
shallow groundwater quality. 
2. Materials and methods 
2.1. Site description 
The IBDP study area (Fig. 1) covers approximately 0.65 km2/65 ha (0.25 mi2/160 ac) and is located in Decatur, 
Illinois, USA. Four regulatory compliance wells were drilled and constructed by the Illinois State Geological Survey 
(ISGS) during April and May 2010. These compliance wells, G101, G102, G103, and G104 are generally about 43 
m (140 ft) deep and constructed of 5-cm (2-in.) diameter PVC materials with 3-m (10-ft) screened intervals. They 
are installed in the lowermost underground source of drinking water (USDW), a thin sandstone of Pennsylvanian-
age bedrock, as determined by the Illinois EPA. This bedrock is predominantly sandstone thinly laminated with 
shale, siltstone, and limestone. Quartz, illite, potassium feldspar, plagioclase feldspar, siderite, calcite, kaolinite, 
chlorite, pyrite and dolomite are the main minerals comprising the bedrock. G101 and G102 are located about 15 m 
(50 ft) from the CO2 injection well, while wells G103 and G104 are 72 m (237 ft) and 564 m (1,850 ft) from the 
injection well, respectively. Carbon dioxide injection began at the IBDP site in November 2011 and will continue 
through 2014. As of August 2014 over 900,000 tonnes of CO2 have been injected into the Mt. Simon Sandstone. 
2.2. Groundwater sample collection 
To develop a comprehensive baseline data set of groundwater quality, samples have been collected on a monthly 
basis since October 2010. Using a Hydrolab MS-5 minisonde [6], pH, electrical conductance (EC), sample 
temperature at the surface, dissolved oxygen (DO), and oxidation-reduction potential (ORP) were measured and 
recorded as field parameters according to standard methods [7]. A water stabilization criteria based on three 
successive readings of pH, EC, ORP, and DO was established and used before groundwater samples were collected. 
The criteria were +/– 0.1 pH unit, +/–3% μs/cm, +/– 10 millivolts, and +/– 0.3 mg/L, respectively [8]. Filtered water 
samples were stored in appropriately sized polyethylene bottles and preserved according to US EPA [9] and 
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American Public Health Association [7] standard methods. Special care was taken during all sampling steps to avoid 
exposing the sample to potential contamination and to the atmosphere. 
 
 
Fig. 1. Illinois Basin – Decatur Project (IBDP) site map. 
2.3. Samples analyses 
As part of the IBDP shallow monitoring program, groundwater samples were analyzed for more than 30 
constituents. Samples were analyzed in laboratories of the ISGS and the Illinois State Water Survey (ISWS). Anion 
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and cation concentrations were determined by ion chromatography [10] and inductively coupled argon plasma 
spectrophotometry (ICP), respectively [7]. Concentrations of total dissolved inorganic carbon (as CO2) were 
determined by a coulometric method consistent with Test Method B of ASTM D 513-06, “Standard Test Methods 
for Total and Dissolved Carbon Dioxide in Water” [11] using an UIC Model CM5015 coulometer. A titration 
method was used to measure sample alkalinity [12]. TDS was determined by a gravity method (Standard Methods 
2540C) [11]. Table 1 lists detection limits for 11 of these analytes. A subset of the 30 constituents was used for 
PCA. This subset included 13 analytes that were present in all samples (i.e., always above detection limits) and 
whose concentrations exhibited the greatest temporal and spatial variability. The constituents in this subset were pH, 
electrical conductance (EC), alkalinity (Alk.), bromide (Br), calcium (Ca), chloride (Cl), iron (Fe), magnesium 
(Mg), potassium (K), sodium (Na), sulfate (SO4), total dissolved CO2 (CO2), and total dissolved solids (TDS). 
Table 1. Detection limits for chemical constituents. 
Constituent Alk. Br Ca Cl Fe K Mg Na CO2 SO4 TDS 
Detection Limit (mg/L) 2 0.08 0.029 0.09 0.024 0.016 0.027 0.026 20 0.31 12 
3. Results and discussion 
3.1. Basic statistics of monitored variables 
Fifty-two samples from the pre-injection period and 60 samples from the injection period were collected. For the 
PCA analysis, the data were divided into pre-injection period data and injection period data from the first 18 months 
of injection. Summary statistics are provided in Table 2 for the 13 analytes used for PCA. In general, the summary 
statistics are similar for the pre-injection and injection data sets. Chloride and sodium were the predominant 
constituents in the groundwater. The difference between the pre-injection and injection mean concentrations are 
generally less than +/–5%, except for Fe and SO4 whose concentrations are almost twice as great in the injection 
samples. The mean concentrations in order of abundance were: 
 
Cl > Na > CO2 > Ca > Mg > SO4 > K > Br > Fe.  
 
Based on the standard deviation, the degree of constituent variability generally followed the order of abundance (i.e., 
constituents with the largest concentrations varied the most). The Cl and Na concentrations were the most variable 
and followed the general pattern from most variable to least variable: 
 
Cl > Na > SO4 > CO2 > Ca > Mg > K > Br > Fe 
 
Most constituent concentrations were less variable in the pre-injection data set, especially Ca, Fe, Mg, and SO4. The 
variability of alkalinity, pH, and TDS concentrations were similar between data sets with EC and K concentration 
being more variable in the pre-injection data set. 
3.2.  Correlation coefficient matrix 
Eigen analysis of the Pearson correlation coefficient matrix was applied to perform principal component analysis. 
Correlation matrices were prepared for both period data sets (Tables 3 and 4). Table 3 displays the association 
between variables before injection began. Cl/Br ratios have been commonly used to describe groundwater quality 
and trace groundwater movement [13][14]. In the IBDP compliance data, a significant positive correlation exists 
between TDS and Br (r = 0.97); TDS and Cl (r = 0.97); and as expected, Br and Cl (r = 0.94). TDS displays a 
negative correlation with CO2 (r = –0.70). Magnesium, Na, and K exhibit significant negative correlations with CO2, 
which is likely due to carbonate/mineral equilibrium conditions in the groundwater. These constituents also exhibit 
significant positive correlations with Br and Cl. Chloride, sodium, and magnesium generally have the greatest mean 
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concentrations in the IBDP compliance data set, and generally Cl and Br concentrations are highly correlated, 
supporting the observed correlations between those constituents and TDS. Many of the significant correlations 
observed in the pre-injection data set were also observed in the injection data set (Table 4). For example, TDS is still 
significantly correlated to Br, Cl, K, and Na. Interestingly, EC is more highly correlated with analytes in the 
injection data set. As would be expected, EC and TDS are correlated (r = 0.92) in this data set.  
Table 2. Statistical summary for pre-injection and injection data. 
Data set Variable Unit Min. Max. Range Mean Std. Dev. 
Pr
e-
in
je
ct
io
n 
Alkalinity mg/L 370 464 94 426 21.40 
Br mg/L 0.45 1.30 0.85 0.95 0.23 
Ca mg/L 33 47 14 40 3.61 
Cl mg/L 129 649 520 449 128.02 
CO2 mg/L 367 404 37 383 8.27 
EC mS/cm 1315 3215 1900 2027 474.02 
Fe mg/L 0.05 0.44 0.40 0.15 0.07 
K mg/L 2 5 3 4 0.73 
Mg mg/L 16 23 7 19 1.80 
Na mg/L 273 510 237 395 69.98 
pH units 6.73 7.53 0.83 7.34 0.17 
SO4 mg/L 2 18 16 6 3.84 
TDS mg/L 845 1367 522 1152 180.29 
In
je
ct
io
n 
Alkalinity mg/L 380 480 100 423 21.35 
Br mg/L 0.2 1.28 1.08 0.84 0.26 
Ca mg/L 31 96 65 41 10.70 
Cl mg/L 140 820 680 462 159.23 
CO2 mg/L 356 399 43 378 10.74 
EC mS/cm 1163 2608 1445 2001 373.80 
Fe mg/L 0.05 0.93 0.88 0.31 0.18 
K mg/L 2 5 3 3 0.60 
Mg mg/L 15 47 32 20 5.26 
Na mg/L 150 520 370 379 82.81 
pH units 7.03 7.87 0.84 7.40 0.17 
SO4 mg/L 1 185 184 16 32.44 
TDS mg/L 840 1373 533 1132 178.53 
3.3. Calculating principal components 
The statistical software program, SYSTAT version 7.0.1 was used to calculate the principal components for both 
data periods. Because of the different ranges in the concentrations of constituents, these components were calculated 
using a correlation matrix. When a correlation matrix is used, each variable is normalized to unit variance and 
therefore contributes equally to the total variance of the data set [2]. This approach avoids difficulties in analyzing 
data sets whose concentrations can vary by orders of magnitude. Loadings, eigenvalues, percentage variance 
explained by each component, and cumulative variance calculated using PCA for the pre-injection and injection data 
sets are presented in Tables 5 and 6, respectively. Other investigators have commonly used the scree plot and the 
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Kaiser criterion to determine how many components are required to adequately explain the variability in a data set 
[15]. The scree plot is a graphical method in which all eigenvalues are plotted in their decreasing order. The number 
of eigenvalues to the left of the point where the last substantial drop in the magnitude of eigenvalues appears 
suggests the number of components to retain. The Kaiser criterion retains only components where the eigenvalue for 
the component is greater than one. For this study, eigenvalues greater than one were used to determine the number 
of retained components to explain the maximum variance of data. For both data set periods only three components 
had eigenvalues greater than one. These components account for almost 77% and 80% of the total variance of the 
pre-injection and injection data, respectively. The first components explain more than 55% and 46% of the variance 
in pre-injection and injection data. The component loadings are sorted from high to low in Tables 5 and 6. Those 
variables that represent absolute contribution to the component of more than 0.5 are considered significant. 
Table 3. Pearson correlation matrix for pre-injection data set. 
Parameters  Alk. Br Ca Cl CO2 EC Fe K Mg Na pH SO4 TDS 
Alk. 1.00               
Br –0.43 1.00             
Ca –0.22 0.54 1.00           
Cl –0.49 0.94 0.55 1.00                   
CO2 0.32 –0.73 –0.58 –0.65 1.00                 
EC –0.16 0.57 0.27 0.56 –0.39 1.00               
Fe –0.05 0.10 0.46 0.07 –0.14 –0.09 1.00             
K –0.06 0.86 0.37 0.88 –0.58 0.34 0.04 1.00           
Mg –0.31 0.78 0.81 0.81 –0.76 0.44 0.34 0.65 1.00         
Na –0.42 0.93 0.50 0.95 –0.65 0.56 0.07 0.85 0.73 1.00       
pH 0.11 –0.14 –0.14 –0.09 0.15 –0.11 –0.16 0.11 –0.07 –0.15 1.00     
SO4 –0.06 0.48 0.46 0.48 –0.34 0.27 0.36 0.35 0.70 0.42 –0.07 1.00   
TDS –0.46 0.97 0.55 0.97 –0.70 0.57 0.06 0.89 0.82 0.97 –0.11 0.48 1.00 
Table 4. Pearson correlation matrix for injection data set. 
Parameters  Alk. Br Ca Cl CO2 EC Fe K Mg Na pH SO4 TDS 
Alk. 1.00                         
Br –0.14 1.00                       
Ca –0.50 –0.29 1.00                     
Cl 0.01 0.87 –0.29 1.00                   
CO2 0.35 –0.23 –0.50 –0.26 1.00                 
EC 0.06 0.82 –0.22 0.89 –0.24 1.00               
Fe –0.05 –0.47 0.45 –0.32 –0.10 –0.30 1.00             
K –0.18 0.77 –0.06 0.70 –0.09 0.79 –0.26 1.00           
Mg –0.46 –0.28 0.95 –0.22 –0.53 –0.14 0.45 –0.02 1.00         
Na –0.08 0.95 –0.36 0.80 –0.02 0.78 –0.53 0.81 –0.37 1.00       
pH 0.09 –0.13 0.00 –0.13 0.12 0.00 –0.08 0.21 0.04 –0.03 1.00     
SO4 –0.21 –0.54 0.83 –0.43 –0.20 –0.30 0.57 –0.13 0.86 –0.54 0.14 1.00   
TDS –0.08 0.95 –0.19 0.89 –0.27 0.92 –0.38 0.85 –0.14 0.91 –0.06 –0.34 1.00 
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Table 5. Loading matrix for pre-injection data set. Loadings with absolute value greater than 0.5 are in italics. 
Variable 
PC1 
(Salinity Component) 
PC2 
(Oxidation Component) 
PC3 
(Acidity Component) 
TDS 0.97 0.18 0.00 
Cl 0.96 0.18 0.01 
Br 0.94 0.15 –0.04 
Na 0.93 0.20 –0.05 
Mg 0.91 –0.29 0.14 
K 0.85 0.32 0.16 
CO2 –0.77 0.06 0.08 
Ca 0.69 –0.56 0.07 
SO4 0.59 –0.53 0.24 
EC 0.57 0.21 –0.11 
Fe 0.20 –0.78 –0.05 
pH –0.13 0.23 0.93 
Alk. –0.48 –0.28 0.25 
Eigenvalues 7.21 1.69 1.06 
% Variance explained 55.47 12.98 8.15 
% Cumulative variance 55.47 68.45 76.60 
3.3.1. PCA for pre-injection data 
Total dissolved solids, Cl, Br, Na, Mg, and K have the most highly positive loadings to the first component for 
the pre-injection data (Table 5). The loadings of these variables for components one and two plot very close 
together, suggesting that the processes that impact these variables’ concentrations and variability in the groundwater 
are similar (Fig. 2). The EC contributes significantly to the first component. Physically it represents the 
contributions of all the constituents in the groundwater samples such that we consider the first component to be 
indicative of a salinity factor in the groundwater. This salinity factor is significantly influenced by Cl and Na 
concentrations in our groundwater samples. Concentrations of these constituents are controlled by the interaction of 
water and rock and get enriched in the groundwater due to their higher solubility [1]. Dissolved CO2 was the only 
constituent that shows major negative contribution to component one for the pre-injection data (Table 5). 
Interestingly, Ca and SO4 exhibit high positive loadings in PC1 but negative loadings in PC2. Calcium had a 
significant correlation with Mg in the pre-injection data but was correlated with SO4 in the injection data. The shift 
in loadings may be related to the correlation changes that could also be related to differences in the mineral phases 
controlling Ca in the groundwater. 
Iron and SO4 both exhibited a shift from positive to negative in their contribution to explaining PC1 versus PC2. 
In addition, the magnitude of these variables in explaining PC2 was greater than any other variable. Concentrations 
of Fe and SO4 can be increased in groundwater due to oxidation-reduction reactions such as pyrite oxidation. 
Consequently because of their significant contribution to PC2, this component is considered as a redox component, 
which is influenced by water-rock interactions on groundwater quality. The third component is mostly explained by 
groundwater pH, which for our study represents groundwater acidity that could potentially be influenced by CO2 
injection activities.  
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Fig. 2. Component loadings (PC1 vs. PC2) for pre-injection data set. 
3.3.2. PCA for injection data 
PC1 for the injection data set was explained by the same variables as for the pre-injection data with the 
exceptions of Mg and CO2 (Table 6). As expected, those analytes that had large Pearson correlations also had the 
largest loadings in explaining the variability of the injection data set for PC1. The Br, Na, TDS, Cl, EC and K have 
positive loading and SO4, Fe, and Ca have negative loading for PC1 (Table 6). The SO4 and Ca have a negative 
value in the first component, but a strong positive value in the second component. Unlike PC1, Mg significantly 
explains the variability in PC2. The CO2 and alkalinity contribute to PC2 while having a negative influence. Similar 
to the pre-injection data, pH can explain the majority of the data variability for PC3. Plotting the loadings for PC1 
and PC2 for the injection data set (Fig. 3) results in a similar grouping of groundwater analytes compared to the pre-
injection data set (Fig. 2), even though the magnitude of the loadings maybe different. Consequently, it is inferred 
that natural water-rock interactions are the primary processes regulating the chemistry of groundwater in the 
injection period. 
3.4. Additional data characterization 
3.4.1. Piper diagrams 
Piper diagrams were developed for the two data periods to illustrate the overall chemical composition of IBDP 
shallow groundwater samples. The groundwater chemistry is dominated by Cl, Mg, Na, and K ions (Figs. 4 and 5). 
IBDP shallow groundwater compliance samples were collected from bedrock that is mainly sandstone thinly 
laminated with shale, siltstone, and limestone, which is reflected in the groundwater chemical composition. The data 
for the pre- and injection periods plot in similar positions on the piper plots, suggesting no significant change in the 
groundwater chemistry due to CO2 injection activities. For samples collected in both periods, Piper diagrams show 
high content of Cl and Na+K, which are expected to be related to the natural salinity of the groundwater. 
Piper diagrams also indicate low Ca concentrations but high Mg concentrations. Dissolution of minerals, such as 
dolomite, can be inferred from the latter. The piper plots support the findings of the PCA and, using these two 
techniques in conjunction, provide a clear understanding of the groundwater chemistry and temporal changes in that 
chemistry. 
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Table 6. Loading matrix for injection data set. Loadings with absolute value greater than 0.5 are italic. 
Variable 
PC1 
(Salinity Component) 
PC2 
(Dissolution Component) 
PC3 
(Acidity Component) 
Br 0.95 0.21 –0.12 
Na 0.95 0.10 0.04 
TDS 0.92 0.34 0.03 
Cl 0.89 0.23 –0.08 
EC 0.87 0.29 0.11 
K 0.77 0.40 0.37 
SO4 –0.65 0.61 0.27 
Fe –0.57 0.30 –0.01 
Ca –0.50 0.82 0.02 
Mg –0.47 0.85 0.07 
CO2 –0.06 –0.70 0.33 
Alk. 0.05 –0.60 0.24 
pH –0.04 –0.02 0.90 
Eigenvalues 5.99 3.18 1.22 
% Variance explained 46.11 24.48 9.41 
% Cumulative variance 46.11 70.59 80.00 
 
 
Fig. 3. Component loadings (PC1 vs. PC2) for injection data set. 
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Fig. 4. Piper diagram for pre-injection data. Symbols represent monthly samples. 
3.4.2. Score plots 
To inspect similarities and differences in the composition of groundwater samples, their component scores were 
calculated and plotted in Figures 6 and 7. A normalized concentration for each of the 13 constituents used in PCA 
for each sample was calculated by subtracting the average constituent concentration for all samples in each period 
from the measured concentration in the sample divided by the standard deviation of all the samples. The normalized 
concentration was then multiplied by the corresponding loading for that component (PC1, PC2 or PC3). These 
products for each of the 13 constituents were summed for each sample resulting in the PC score. Individual scores 
were calculated for all samples. The scores were plotted in relation to PC1 and PC2 because these components 
account for the majority of the variability associated with the samples. Score plots for PC1 and PC2 for both pre-
injection and injection periods indicate that scores for data from each of the wells (G101–G104) group tightly 
together and that the scores for all the wells have a relatively small range of scores, generally between –3 to +3 for 
both PCs (Figs. 6 and 7). Only some data from well G104 fall outside of this range. This tight grouping of score data 
for individual wells indicate the similarity of the groundwater quality between all the sampling times and periods. 
Wells G101 and G102 are in close proximity to each other (<15 m [<50 ft] apart); scores of samples from those 
wells are clustered together showing very similar groundwater chemistry. In May, June, and July 2012, groundwater 
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quality in well G104 appears to have been affected by atypical groundwater recharge from the shallower aquifer in 
close proximity to G104. Three scores for well G104 plot lower than the remaining scores and reflect the change in 
water quality in this well (Fig. 7). The lowest two scores represent samples collected in May and June 2012. The 
sample collected in July 2012 tends to be closer to the other scores for well G104 and suggests groundwater quality 
by that time was returning to historical values. One benefit of this analysis is that score plots were able to 
differentiate water quality outliers that conventional data analysis methods, like Piper diagrams, have difficulty 
detecting. 
 
Fig. 5. Piper diagram for injection data. Symbols represent monthly samples. 
Scores for well G103 have become more negative for factor 2 in the injection data set compared to the pre-
injection data (Figs. 6 and 7). To better understand this shift, an intrawell statistical evaluation of the groundwater 
chemistry data in all compliance wells was performed for both periods. The Mann-Kendall test [16] was used to 
determine if temporal trends in concentration were present for individual constituents. A significant increasing trend 
for Fe concentrations in well G103 for the pre-injection data set was detected but this trend was not observed in the 
injection data. We believe these changes in concentration over time impacted scores resulting in the shift observed 
between pre- and injection data sets for well G103. 
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Fig. 6. Score plot for samples collected in pre-injection period. 
 
Fig. 7. Score plot for samples collected in injection period. 
4. Conclusion 
In this study, principal component analysis was used to evaluate groundwater quality data collected before and 
during CO2 injection at a large-scale carbon capture and storage project in Decatur, Illinois, USA. For both periods, 
three principal components with eigenvalues greater than one were selected to explain the data. These principal 
components explained 77% and 80% of the total variance for pre-injection and injection periods, respectively. 
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Interpretation of principal component results indicated that water-rock interactions were the major hydro-chemical 
process that governed the quality of groundwater during both periods. Component score data illustrated the 
similarity of sample chemistry of individual wells during both periods. Significant groundwater chemistry changes 
were not identified between samples collected from the pre-injection and injection periods. The results of PCA 
clearly demonstrate that the quality of groundwater was not impacted by the CO2 injection activities. Piper diagrams 
were useful in evaluating overall groundwater quality for the two sampling periods. However, Piper diagrams use a 
very limited amount of sample water quality data for their construction while score plots use more information (i.e., 
all constituents measured in each sample). Utilizing more information allowed the score plot technique to identify 
potential sample outliers that Piper diagrams could not detect. PCA is an effective technique to analyze the large 
data sets likely to be collected from groundwater monitoring programs of future carbon capture and storage projects 
because it considers information from all the constituents measured in samples when explaining sample variability, 
detecting potential sample outliers, and trends in the data sets. 
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